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Autonomous navigation system for chrysanthemum picking robot
based on LiDAR multidimensional point cloud optimization

LI Peiyi, WANG Xiaochan” ,WANG Yanxin, WU Yao, LI Zesheng
(College of Engineering, Nanjing Agricultural University , Nanjing 210031, China)

Abstract ;[ Objectives ] In response to the problems of unstable walking and low production efficiency of the golden chrysanthemum
picking robot caused by the complex field operating environment, this paper designed an autonomous navigation system for the
chrysanthemum picking robot based on LiDAR multi-dimensional point cloud optimization to achieve precise operation and efficient
production of the robot in farmland. [ Methods]The tracked chassis was equipped with a Velodyne 16-line LiDAR which was used to
obtain 3D point cloud information in the field and coordinate correction and voxel filtering preprocessing were performed on it.
A multidimensional point cloud optimization algorithm was proposed,which could adaptively obtain effective point cloud features under
different coordinate axes on the characteristics of the golden chrysanthemum plant, and obtain ridge lines on both sides. The final
navigation baseline was obtained using the least squares method to fit ridge lines,which was tracked by using an improved pure tracking
control algorithm. [ Results]Through simulation experiments on the Stanley control algorithm and the improved pure tracking control
algorithm , the improved pure tracking algorithm showed more efficient tracking performance. A field experiment was conducted using
the golden chrysanthemum harvesting robot at the Hushu Chrysanthemum Garden in Nanjing. The experimental results showed that the
autonomous navigation algorithm based on LiDAR multi-dimensional point cloud optimization had a lateral average absolute error of
0.047 4 m,a standard deviation of 0.030 6 m,an extreme absolute position deviation of 0.078 9 m,a heading average absolute error of
2.177° ,and a standard deviation of 2.589° ;the lateral average absolute error was reduced by 67.13% and the degree of dispersion was
reduced by 48.34%. [ Conclusions ] The LiDAR multi-dimensional point cloud optimization algorithm and improved pure tracking
algorithm proposed in this article can effectively improve navigation accuracy, improve system anti-interference, and achieve good
navigation results, thereby ensuring the precise operation of the golden chrysanthemum picking robot.
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